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Abstract: Recently, research has been conducted on applying StyleGAN to image editing tasks. Although
the technique can be applied to editing background images, because they are more diverse than foreground
images such as face images, editability is compromised. In addition, content editing is difficult because it
is difficult to accurately convey the edited content to the system. For example, because natural language
instructions can be ambiguous, edited images become undesirable for the user. Therefore, a semantic seg-
mentation mask can be used to edit content as intended by the editor. In our study, we propose a framework
based on HyperStyle, an encoder-based GAN Inversion method that incorporates a semantic segmentation
mask in a task called GAN Inversion. Our method can edit the image style and content independently while
maintaining the quality of image reconstruction required by GAN Inversion. As a result, the qualitative
evaluation confirms that our model enabled the editing of image content and style separately.
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Fig. 1 Overview of our research on image editing. We aim to
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edit either the content, style or both in the image.
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‘Tree on the left’
Fig. 2 Example of editing a background image in StyleCLIP.

The text prompt is ‘Tree on the left’.
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Fig. 3 Overview of GAN architecture.
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Fig. 4 Overview of general type encoder GAN Inversion
pipeline. First, the encoder estimates latent codes to be
input to the pre-trained Generator from images. Then,
Generator creates the same images as the encoder’s in-

put.
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Fig. 5 Example of reconstruction quality of GAN Inversion. W
Encoder and Style Transformer are the encoder network
in GAN Inversion. In both cases, the output image is
blurred in the second and third columns, but Hyper-
Style improves the reconstruction quality and clarifies

the shape of objects in the fourth and fifth columns.
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Fig. 6 Confirmation of content information by residue param-
eters obtained from HyperStyle. Input images are (a)
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StyleGAN2 Generator adjusted by the residual param-
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Fig. 7 Our model architecture.
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RFEEIELLERHDL. Sk T A v R T A
T aYEEOT -5 b ETHSH. SUN database [32]
X, av¥a—%¥E¥ya ilBnwCy— v 720
DRYFI=0DT =%ty NCThHLH v—rvkix, TA
W22 DR TITEIT & 23501, 7213, ABPBHTE 2
Wit ] #389. SUN database (&5 5 W 5 ¥ — > OWHj{§EN
EENDLLH)ITHESNTBY, HIW0DY—rxEHZL
Twh. ADE20K 7—%t v M, 2D 900 ¥ — ¥ §T
MRS A MGENNESN TS (18] BRE Y — VW
TLH =T LT TIER VDY, ADE20K I2Idkk4 722 —
YOWGENREITNTVDE I D, %L OEDE R
PEENRTwBEEEZONS. ERE, ADE20K %, WfE
BIRREFFOF TV 27 b (BERALRLE) R, HEROYT
REGEEFEOL O (ERERE) e, TXTOHENH
LR TIHNTHEINTWD, 20720, KifET
(& ADE20K # MR & L CEBRETo72. ZOT7—4% 1
M, WEEEOFEE 7T — 4 20,210 Bk BEET— % 2,000
BCHR SN Twb, 207 =%ty b T StyleGAN2 [16]
Generator & W Encoder % Z 1121, 200,000 1 7 L —
ar, 250000 f FL—3a Y CHMFELL-EFLVE
35, WAEROREL 256 x 256 OW{ETH Y,
AN~y T4 v 2T AT = a VG
O FIZOWTHREBTH S, RFH:I Pytorch THEES
NTWb. R#fbFE e LT Ranger [21] 23R LT 5.
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PRE L 72T TV & RERR TR L 2B ETFE0E
TN OEETUL A2 = 1.0, Apere = 0.8, Agipy = 0.1 L%
E L7z L TFEOFEE, LT/ 7V —Y a3 Y Bl
DWTIIR 1 IIRT. Fo, RERTIIREME X ERT
% 72012 Style Transformer (2 2WTIXH % W ZEM O 1
Wb LB L 02 MHT 5.
THFAMILBAY A NVREETNVIIOWT, HEEE
DEHZIE Aorip = 1.0, Agim = 0.1, Ao = 0.05, R#HILTF
FOFEEZRFIT 0.1 LFEEL, 50,000 1 7L — 3 v THEH
L7.

4.2 BERRE
4.2.1 TEMEFHE

A BB O TR L B & I HE A 5. FEHEIC B
T2 R IEE O R LR 9 ITRT. 2L W Encoder,
pSp, Style Transformer ® 3 DD LY I—FDAD AL
LUOR—=2F 4~ &7 5 HyperStyle L e RFikx LB L
72bDTHBH. TOME, I—EFIEL StyleTrasnformer 7
EDLyA—FDARDOFROFFELD & ANEBGRE L) FH
HLTBY, X=ZXF 4 Ths HyperStyle & 1FITE A
CRSOFEBEMEII R > TwE, T, BV T A vy
YT RA T = arrbEHLHE (seg-to-image) D
WA DWW T OFRE L E O BRI AL ITRT.
4.2.2 TFEEFMA

AREBRTIZ, BHREGROME T L2 HEE, LPIPS[27],
PSNR, MS-SSIM [23] CTEEMICFEMIL 72, 9, BAEF
HEDWEETT) . BEFRIH LT, KAFETHW W
Encoder, pSp, Style Transformer ® 3 2D I — 45D

R 1 BEEREETV REFE) CHFEFTEOET N TOFEEER,

17 b—"a Y HORE
Table 1 Learning rate and number of iterations in the pro-
posed image editing model and in the model of the

existing method.

method FEHE | A FL—a v
REFE 0.0004 200,000
HyperStyle (X\—25 1 ) | 0.0004 200,000
PSP 0.0001 250,000
Style Transformer 0.0001 200,000
W Encoder 0.0001 250,000

HDOFN, N—=AF A &5 HyperStyle & i L 72, &
DIERETR 2 IIRT.

ZO#ER, HyperStyle 12, FERMEIIETSS.
L LGRS, 320y A—FDOADFRE LTS L
HRERME I ERNICEM2FHRE 2 oTwD, 2, B
BB & b W 22 T GAN Inversion % 1T
9 pSp 1k LT HFEEFEO T 3 Fg sum B A5 E .

KIREFETHVWA Ly =Y ORE%21TH. T
I — %X W Encoder & Style Transformer @ 2 -2 T g
L7z, ToOfRER 3 IIRT. EFETHRMLLZW
Encoder & Style Trasnformer & V) & % T, FRRER G E A
BhRERE > TS,

%212, Generator ® tRGB #REIC BT 258 E/3T7 A —
Y DOFBEIIOWTHEZAT) . IREFETIE, 4, 5ED
tRGB D /ST A=y ZEE L TEHEL T2 L
T, $XNTOED tRGB iz EZE L THE LHEIlo
WTHRBME DR 21T 7. ZOME TR 4 IR,
COWETH tRGB IR E NN T A= F 2 LEDER
WEIIZLTWS.

ZOKE, 4, 5EHO tRGB D /X7 X — 5 & EK
L7236, 2 W RELALTEDTIHT R TO tRGB
DI8T A—5 LEF LA L B L CHBERNESER

-
AN B L
REF % 4

¥

HyperStyle(R—X 5 A )

Style Transformer

=
X
1 b o

pSp

W Encoder

9 FEWRIZ BT 2 FHHE R {5 FLEGH &

Fig. 9 Comparison results of reconstructed images in real im-

ages.

= 2 WAETELEOFEBRMNEDILE

Table 2 Comparison of reconstruction quality with existing methods.

PR R
method L2(}) | LPIPS(4) | PSNR(1) | MS-SSIM(1)
REFZE 0.05429 0.24280 19.37055 0.64831
HyperStyle (\X\—2 51 ) | 0.04389 | 0.19549 | 20.13440 0.67653
Style Transformer 0.08499 0.42089 17.09287 0.40741
pSp 0.06722 0.31486 18.18414 0.52306
W Encoder 0.11540 0.48089 15.77095 0.28603
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£ 3 RETHEIBI LTy a—FEOBERNEO L

Table 3 Comparison of reconstruction quality between encoders in the proposed

method.
TR R
method L2(4) LPIPS({) | PSNR(t) | MS-SSIM( 1)
W Encoder D4 0.05429 0.24280 19.37055 0.64831
Style Transformer O35 | 0.04883 0.21527 19.59198 0.66018

+ 4 tRGB ORFE/8T7 A—FICHT 51 (7 A MEETIZ tRGB OKE/IT A -5 2 R LA

bEw)

Table 4 Comparison on tRGB residual parameters. For testing, no addition of tRGB

residual parameter.

TR R E
method L2(4) | LPIPS({) | PSNR(?1) | MS-SSIM(1)
4, 5 EEERELTH¥HE (REFZE) | 0.05429 0.24280 19.37055 0.64831
TRCOREEERE L CFE 0.07596 0.25653 17.54552 0.59844
E(J c: _IELJ‘ l/ 3 : }: f)iﬁ\f]) Z;) . v — X B (ﬂ7x§j§@f> 3v) %;ﬂ%ﬁg f%:yzfy‘/;/?%}i; £33 fgﬁgﬁﬁiﬁ%

4.3 BERRERE
WEREDER L L TKRD 20179 .

o THEDAL A NEHFLIzETar T b2tk
(ar7 v MEE)
TGO T P RFELIZZEAY A VDB T
£ (A7 1 ViRE)

a7 Y MRETIIRES REEDO X Z A VK-> TH
D, 327 Y MEFWEAL T LINE ) a2 iEDD S,
FNUIR LT, AZAVRETITRESRE GO T T~
Mo TBY, AZANVETPELLTWERES D
WO D. AT MREE, ATAVERESLL D, E
H{RDOEE & seg-to-image DA DM H TER L7z, i
5 2 DDA DEBIERIZOVWTIIENZNEL HHiED
ERELTE2L. FharyTsy MEEIZOWTIE GAN
Inversion ® L. I — ¥ O AJ1% FEF R, HyperStyle % v
N7 — 2 DA% seg-to-image 12 L 72358 120 C b #GEE
L7z, fREMEREICEE L T, EEMICEHET 2 2 & 25
THDH I EDRATHERICBTORENT WS [31). BfFO
TMEMEREDFMIZET — & L BT 2 iMEEREDORT
S Z B TEH R L, HOR—EORFZIELTBY,
BN O 5 _C O BRI IEEH T E 2 WIS H
% [31]. ZO7OFREGEHRIZT 5 AREIZE T
EWM GO AEIT-7. Ty T Y N, AT A IVRET
XV — AR 50 B, SRS 50 FUZ & 2 R EAGA % R
L7248, MHEOHE EARG LTI 3 MOMRER RO A EIR
T. THFAMILDAY A VERETIE 500 ORER- L%
MERR L7275, BRI 3 MOMREF ROAZIRT. THHD
REICHW 2710 7 Mg “desert”, “ocean”, “red sky”
DOIFWHETHL., chooT7ar 7ML, 1ETHPLZ
AR ENZH 725, TS 50 B & O 500 B o i S
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E 10 REFEICLS, 1HIHOY - ABEBISHT LI 2T 2 M
EofER. a7y MREEOSHEIGE LT, kv T
sy AryT—varyEFEGEANT (2, 351H). 4, 55
BRENENORTNIN T 53> 7 > MR

Fig. 10 Result of content editing for the source image in the

first row by the proposed method. The second and
third rows are the input semantic segmentation and
real images as the reference images for content editing.
Columns 4 and 5 show the result of content editing for

each input.

ReMB L2 2nh, avT v MEkTiky — AWBRO X
FANBHEFRE SN2 VEZE Ty 7 v MG T~
TV MIREIN TR, A7 A IVRETIEY — AW§
DAYT Y FPHEREIN TV R WTE2ZIE A Y A VB RE
BOATANVIHRE SN TV W E WS L DIE D o7z,
4.3.1 > 7> MRE
FPEBEGIHLT, T30 7 Y MREOSHEE{GE L~
STA VTR T A T—2ary, DF ) seg-to-image D
BEEBGIZLHEIIONT, ENFADOT T 2 M
ROMREMPOTZ. TORPER 10 IRT. EH60
BEICBWTHOANEBY DI Y7 MIRESNA TS,
WIS, METFHRIZBIFLEN GO T I FT
PURREAR 1L IRT. S0 15 HE 14TH
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B 11 RETERICBT S, EEGEHOI Y72 FIx V7 OfR
1518 & 1ATHIZZENREN Y — R, ZREFETHY, &5
DD YT ME, BRBGOa YTy MIRESNS

Fig. 11 Result of content mixing between real images in the

proposed method. The first column and the first row
are the source and reference images, respectively, and
the content of the image in each row is edited to the

content of the reference image.

ZenEhy —AEg, SREGTH), KHIOEBGD 2
Y7y ML, sREGoay Ty MRESIND. T,
seg-to-image HIIZ BT 2 T 7 ¥ F I ¥ v 7 ORI
5 A2 1R

S5, BEFEIHLTXR=AF 1 »THh % Hyper-
Style L2 EF DL > T — ¥ % Style Transformer (25
L7zboTarysry OmMEOKEIT- /2. ZORKE%E
UTFoR 12 1R T. EEBICBIT2HRERL L, ~N—
ATA YFETIE, SHREGORA S A VETh LS
TLE->TBY, FHICITHTIRY — AEEDOA Y L LD
WD T Do Ty, ZIUIH L CTIRETFHETIE,
ZHREEOAZ A NVIFIFEAERKBENT, a7V D
ADFFENTE TN D,
4.3.2 XZAIIRE

ALY A NVHREIZOWTE S, REFHRIZBT 2 EBEH
DAZANDIF L U 7FERZE 18 18T, ThbDK
O 1HEE LTRIZZFNRZEN Y — A%, SREGRTH 5.
BHOBRDOA Y A )VIE, BHEIROA S A VICHE S
4. F72, seg-to-image MIICBIF L AT A NIF L V7D
FERITAEE A2 1 TRT

ESIRETEISH L TRN—=25 1~ THh5H HyperStyle
ERREFHEO L Y a— % Style Transformer |22 L 72
bOTAY A NVIREOHE ZI1T 572, ZOHEH R ZH 14
WRT. COFRTRDLE, X=25 (4 VFTETIE, S
EEOAS ANDHEY)KMENTBHT, HIC1ITHT
BENEETH L. U L TREFETIE, SRE
BOAYF I EIMTEIERL, ATANVDADFE
MTETNAE,
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seg-to-image —

12 Mm%, seg-to-image |28 53V T ¥ MRED LEGER.
(i) HHRFETHE, (i) N—RA T 1 ¥ @ HyperStyle, (iii) 7*
PR—EFHEI LT v 34 % Style Transformer |25 L
7oL ED 1HHEOY — AW T 2 227 2 b imde g

Fig. 12 Comparative results of content editing on real images

and seg-to-images. For the first row of source im-
ages, (i) is the content editing result of the proposed
method, (ii) is the content editing result of the baseline
approach, HyperStyle, and (iii) is the content editing
result of the proposed method in which the encoder is

changed to Style Transformer.

v v ww
B /J g_q.‘# b ﬁa | g! g
\

B 13 RETHEIIBTZ, EEBGHOAY AV IFD 2 7 OFER
1B E LATHIEZERZN Y — AR, SHREGETHY, &
FIOBEDA Y A V&, ZHEGEOZ S A VIZHESND

Fig. 13 Result of style mixing between real images in the pro-

posed method. The first column and the first row are
the source and reference images, respectively, and the
style of the image in each row is edited to the style of

the reference image.

4.3.3 TEINMILBXE2AMIILIRE

AREBRTIE, BELLTFAMIEIDIAT A VIRET
FNT, TFANTHEBEDAY L VHRET D LS b
RHERRT . ZOMERER 15 1IRT. 1Y HDRET 5
BT mETH ), 25 HLAFEIX “desert”, “ocean”,
“red sky” D 3 DODTFAMNTU YT MILBAY A ViR
FERRTHD., TORRE, Wgoar Ty FEREDD,
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V=B BRE®R

(if)

=3

1t

seg-to-image —

Ao | = | -

Il
I EE

=

id

14 FEW{E, seg-to-image (2B %A Y A VIREDIETER. (1)
HRETFE, (i) AN—RAF A1 »® HyperStyle, (iii) 2HE%E
FHTK LTI ¥ 32— ¥ % Style Transformer ([ZZH L7 &
ED1LHBOY —AWRIZHT B A5 A VARG R

Fig. 14 Comparative results of style editing on real images and

seg-to-images. For the first row of source images, (i) is
the style editing result of the proposed method, (ii) is
the style editing result of the baseline approach, Hy-
perStyle, and (iii) is the content style result of the
proposed method in which the encoder is changed to
Style Transformer.

v—XEfR  “desert” “ocean” “red sky”

—

KER —

seg-to-image —<

H 15 RETHEICBITS7F A ML BERIE, seg-to-image DA
5 A Vi OR R
Fig. 15 Results of editing the style of real images with text in
the proposed method.

ATZANETFAPNONFICRILZbDER>TwAE. F
7o, BN EZREL-HEGEHRETETVIZBNT, TFA
MIX DA% 4 VIREETIVE StyleCLIP IZZE X720 D
ELTWS, ZOMEMETYE 16 IIRT. TFAPON
BH “desert” D& X (2FH), HMEIIHED L ) IZE M
POBOEIIMEFFTNETH L. REET IV ERGTED
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vV —REfK  “desert” “ocean”

“red sky”

RE®R

seg-to-image —=

16 StyleCLIP IZBIJ 57 F A M2 X 5 EWE, seg-to-image
DAL A RO R
Fig. 16 Results of editing the style of real images with text in
StyleCLIP.

StyleCLIP O#5HR % i3 5 &, REFHEOTTHZEHIF
HoTwh, FT7FAMONED “red sky” DL & (4
HIH), SEHE{RE seg-to-image M Jj D4 T StyleCLIP T
XZEOHEADTES> TLE > T3S, BEFHRIIETEND
L THFAPONFIZLFETH 5.

5. E=

FREERMEICOWTELET L. EBFRL S Style Trans-
former X° pSp L Vo ZEHFO T Y I - FDOARDFHEL L
N LEEN, EWERNE D ICHBRSES RV A0
L. L L7%2s, BERMEICBIT 2 ERmiHilin o, %
FHEOFHBBEIIN—A T4 Y OFFL TR R% -
TWRRERE o7, WICT YT v MRk LAY 1 ViRE
IZOWTEET S, 9, 3070 MElL, 15 TES
L7ceBY, ORI A VEMRILIzEEar T Mo
AEFETHLEN) L THL, EBHRET L ER-Z
74 >~ ® HyperStyle (3 2 % 4 )V ZIREMRIZT VA Y 1
WAZED S TW7eds, BEFETIEASY A )VIEY — A
DFEFLRoTBY, AFANEHFL-EFEFay TV
DAIPRENRENT VD, Lo T, a7 v Matkss
THETHILEZZ D, RIZAY A VHREIE 1 ZTERL
el BY, MO TV P EMRILIZEEASANDOR
EETAHIETHL. REFETIII YTV PEfRL
REFAIANOADPRESN TS, TFAMIL L
BTY, AaVT U IDIEDLLTAIANVOBSHRESNT
Wh, ZOZ kb, AYANRENIREIZEEZ L. 2
DZEIZL > TXR=AF A »Tdhb HyperStyle & LT,
REFETRIVBCREERELTFEBTELLEZ S, 2
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17 HyperStyle (BT 25%#/87 A — % OfERR. 1 5 H O %
MR R OWE, 25 Hidar T s b a’ﬁ% 2B S
%, 35IH 1 5B OWFIIx LT > 7 > Mk L7z
LTATHTIEEENN I XA =5 2 HES, 2 7HUBETIIEY
JG B IEATEA LTRFEINT A — 8 RN TAERTHE. O
MTIE5MHETRRLTWS
Fig. 17 Checking the residual parameters in HyperStyle. The
first column shows the image to be edited, the second
column shows the reference image for content editing,
and the third column is the result of content editing
on the image in the first column. The first row show
the result of content editing on the image without the
residual parameter. The second and subsequent rows
show the content editing result of adding the resid-
ual parameter to Generator gradually starting from
the lowest layer. In the figure, up to the fifth layer is

shown.

NoE2s, |EFHEIFHMEOD LHEITELD, FHiE
B TR R L AR o7, LA LA S, BaE
SCIERTRESIC T H A 5 L WEARDO B OMR 1 7 5
Bedsm <, BIEOREHSIIREREHRE ) bEHI NV E
FRTC0D, L72hoT, BAEFELD bR HEELST
RECHARTEIZIA) v MHLEEZOND.

THFAMILDLAYANEREIIONT, RELIZET IV
1E “red sky” I2BWT, ZEDOHAHS StyleCLIP L 0 b7 F A
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RYTAVIRT AV TF—2aryEELTRBY, F0iH
EPHELODEEEZD.

F 72, seg-to-image M{EIZB T, P2k ) %A )V
OERICEREINLLEEND L. T~y T4 v 7%
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L7z SPADE OMREIC L A2 bDEF 2 515, SPADE &
DVLET VT A v T AV T—2ardbShAs A
VORGEERTELFETHCL I EPLELEZEZ
b, TNHDTF =8 THFETNIE, seg-to-image (2B VT

bEMBGAY A NVORENTE, LVREVIY TV ME
ALY A NVOWEDPTERIZR D EEZ R 5.
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